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Research on road extraction method of remote sensing image
based on U-shaped residual network

LI Ziyu, WANG Dadong, YU Xiaopeng

(College of Mathematics and Computer Science, Jilin Normal University, Siping Jilin 136000, China)

[ Abstract] Aiming at the problem of too much feature information in the process, and low segmentation accuracy caused by a
large number of buildings, vegetation and other interference information, a deep residual segmentation network based on adaptive
mixup operation is proposed. Firstly, the pre—trained Resnet 101 is used as the encoder of the network to effectively maintain its
feature expression ability and solve the problem of gradient vanishing or gradient explosion to a certain extent; Secondly, the ASPP
module is introduced to extract the multi—scale feature information of the image; Then, adaptive mixup operation is added in the
process of feature fusion to both adaptively and dynamically fuse the feature information; Finally, in the information fusion of
upsampling and shallow features, the pixelshuffle operation is used to replace the original upsampling method to effectively enlarge
the reduced feature map. Experiments using two high — resolution remote sensing data sets Massachusetts Roads Dataset and
DeepGlobe Roads Dataset show that the proposed method can reach up to 92.28% precision rate value and 86.97% F1 value. The
improved network outperforms the classical semantic segmentation networks such as FCN and SegNet in various evaluation indexes,
which can effectively extract road information, thus, it has certain practical application value.
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Fig. 1 Network structure of the AMP—-ResUNet
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Fig. 10  The network model segmented the effect picture on

Massachusetts Roads Dataset
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Tab. 1 Evaluation of different model indicators on the Massachusetts

Fig. 11

Roads Dataset %
Models Pre Recall F1 loU
SegNet 76.56 67.71 71.90 56.13

FCN+MLP 78.79 65.92 73.01 57.48
DeepLabV3+ 79.73 67.68 73.21 57.75
U—-Net 80.25 67.55 73.78 58.48
AMP~-ResUNet 81.31 69.52 74.96 59.94
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Tab. 2  Evaluation of different model indicators on DeepGlobe
Roads Dataset %
Models Pre Recall F1 IoU
SegNet 86.84 76.62 81.41 68.64
FCN+MLP 89.39 71.717 79.62 66.14
DeepLabV3+ 88.91 82.48 85.57 74.78
U—Net 90.14 81.87 85.81 75.14
AMP-ResUNet 92.28 83.21 86.97 78.76
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